Since the beginning of the 1990s, Taiwan has been increasingly challenged by international competition, especially from other emerging Asian economies. A steep rise in labour costs and the adoption of a managed floating exchange rate both contributed to make Taiwanese exports less competitive. As a reaction to these difficulties, Taiwan accelerated its industrial upgrading, a process which was supported by a bundle of specific public policies.
These policies were designed to make Taiwan a knowledge-based economy, by encouraging R&D and by facilitating the importation of technology. The present research estimates how in-house R&D and technology imports impacted firm performance in the policy context of the 1990s and early 2000s in Taiwan.
The paper is organized as follows: the first section states the objective of the research, with an emphasis on the science and industrial policies context. The second section presents the data, and the third section details the econometric analysis. Results are presented and commented in a fourth section. Conclusions are given in a final section.
Objective of the research
Evaluating the impact of technology imports on industrial upgrading remains an important issue, especially in countries that are in a catching-up or industrializing phase.
Several authors have assumed that, in such countries, licensing agreements with foreign firms may be at least as important a source of knowledge as internal R&D. Studies which examined this assumption in the case of the Japanese economy in the 1960s and 1970s (e.g., Caves and Uekusa 1976; Odagiri, 1983) did not find significant statistical evidence to support it. Subsequent studies, however, such as the one conducted for India by Basant and Fikkert (1996) , suggest that technology imports may have a positive effect on productivity growth.
The present research examines this question in Taiwan in the 1990s. By all accounts, the history of innovation in Taiwan is not very long: innovation expenditures (including R&D and technology imports) really took up in the mid-1980s, and grew steadily to this day, with technology imports gradually taking more importance (NSC, 2002) . This evolution can be directly related to Taiwan's industrial and innovation policy, the cornerstone of which has been, since January 1 st , 1991, the Statute for Upgrading Industry, hereafter SUI (Hou and Gee, 1993; Luo, 2001 ).
Taiwan's innovation policy in the 1990s: the SUI
Indeed, it is widely acknowledged that the bulk of Taiwan's manufacturing industry consists in small and medium enterprises (SMEs), which are particularly flexible and able to adapt quickly to changing market conditions (Hobday, 1995; Aw, 2002; Guerrieri and Pietrobelli, 2006) . However, these SMEs would probably not have been able to invest so much in innovation without the help of specific public policies actively promoting industrial and technological upgrading (Tsai and Wang, 2005; Guerrieri and Pietrobelli, 2006) .
These policies have been formalized within the aforementioned SUI, which consists in a number of incentive measures aimed at encouraging investment and technology transfers in emerging and/or strategic industries (i.e. industries that are expected to benefit economic development in a substantial way). A first set of measures involve taxation policy and direct public spending, including: (1) tax incentives to develop investment in R&D and process innovation; (2) preferential loans (arranged through the Executive Yuan Development Funds, in conjunction with banks) for the upgrading of SMEs and the promotion of industrial R&D;
(3) specialized programs providing support for technical upgrading, new product development, and R&D; (4) public institutes and centres providing extensive support to the private sector in developing new technology.
A second set of measures is oriented towards education, with the objective of upgrading the stock of human capital. These measures take the form of: (1) on-the-job training provided by various academic organizations, in order to give workers the skills to succeed in emerging industrial sectors; (2) doubling to six years the maximum period of stay spurring firm's R&D and in helping them acquiring foreign technologies needed for their development. This is indeed the ideal context to study the respective impact of R&D and technology imports on firm performance.
In our empirical analysis, we consider R&D expenditures on the one hand, and disembodied technology imports on the other. ‗Disembodied' refers here to technologies that are protected by intellectual property rights, but can be purchased by a firm and used in its production process. These include patented technologies, licensed technologies and other royalties-inducing technologies. Taking into account additional sources of knowledge, such as technology embodied in products purchased on the international market, would have been very interesting. Unfortunately, the available data did not allow us to do so.
Our analysis, which relies on the estimation of a production function, will not only examine the respective impact of the two aforementioned sources of knowledge on firm performance, but also address the question of whether they are complements or substitutes.
Although economic theory generally assumes that inputs are substitutes, some studies (e.g., Blumenthal, 1979; Cassiman and Veugelers, 2006) have found empirical evidence of complementarities between external and internal sources of knowledge. Cohen and Levinthal (1989, 1990 ) provide a theoretical explanation for these results. Firms that import technology must have some R&D capacity, in order to (i) identify and select relevant technologies, and (ii) effectively integrate these technologies in their production process. In Taiwan, the primary purpose of R&D in the 1990s may have been to effectively absorb foreign knowledge, building up a knowledge base that can then be used to foster internal R&D. This leaves scope for complementaries between both sources of knowledge. However, depending on the evolution of the industry structure, we may also observe substitutability. This can be the case if the observation period coincides with the moment when firms are gradually abandoning adaptive R&D in favour of technology imports.
The MOEA Panel data
Our paper uses census data gathered by the Statistical Bureau of Taiwan's Ministry of Economic Affairs (MOEA). The Statistical Bureau of the MOEA conducts a yearly census survey, and collects data on every plant in operation that holds a registered certificate in the manufacturing sector. In Taiwan, most manufacturing firms are single business units: in our data, on average, 90% of the manufacturing firms are actually single-plant producers.
Therefore, distinguishing between plant and firm may not be as relevant in Taiwan as it is in industrialized countries, and we will refer to the MOEA data as ‗firm-level data' hereafter. It was impossible to match both panels, due to a break in 1996: no survey was conducted that year, and the Statistical Bureau took that as an opportunity to completely reform their classification system. Not only did the industry codes change, but the electronic industry (which plays a key role in the Taiwanese economy and had rapidly grown in the early 1990s) was split up into three different industries. Moreover, after 1996, some firms were recoded as belonging to a different industry than the one they belonged to before this date. For all of these reasons, we have to analyze both panels separately. This is anyway not a bad thing, as it will give us insights on the evolution of the Taiwanese manufacturing industry across two periods of time. Additional information includes firms' yearly R&D expenditures, as well as the value of imported disembodied technologies (as defined in Section 1). Finally, the data includes three additional firm-specific characteristics: firm age, an indicator of whether a firm exports technologies, and an indicator of whether a firm is a single-or multi-plants producer. to be studied on its own, and had to be merged with industry (18) ‗Chemical Products' for the purpose of our empirical analysis. In Panel 2, our estimations were therefore performed over twenty-two 2-digit industries rather than on the initial twenty-three.
Econometric analysis

Econometric model
Our analysis derives from a production function approach, linking firm output Q to input vector X (with X 1 = capital, X 2 = labour, X 3 = energy and X 4 = materials) and knowledge K, assuming that knowledge and inputs have distinct effects. As in Basant and Fikkert (1996) , we assume an exponential link between output and knowledge. For firm i operating at time t in a given 2-digit industry, we write:
where F is an unspecified functional form and  it a random error term.
In order to estimate Equation (1), we need to specify F, and to specify how knowledge K relates to innovation expenditures. Since we want to keep F as general as possible, we assume a translog specification, usually considered as a reasonable second-order approximation of an arbitrary production function (see for instance Berndt and Christensen, 1973; Chan and Mountain, 1983; Beason and Weinstein, 1996) . We may then rewrite (1) as:
( 2) ln
Measurement of the stocks of R&D capital and technology imports.
As in Basant and Fikkert (1996) , we assume that the stock of knowledge has a Generalized Leontief functional form of the type:
where KO represents a firm's own knowledge (i.e., its stock of R&D capital) and KP a firm's purchased knowledge (i.e., its stock of imported technology). As stated in Basant and Fikkert (1996) , the specification of Equation (3) allows KO and KP to be complements or substitutes to one another. It also avoids the problem of taking the logarithm of the knowledge inputs, which are frequently equal to zero.
The stocks of R&D capital and technology imports are measured using the perpetual inventory method (Griliches, 1979; Hall and Mairesse, 1995) ; i.e., if  denote the depreciation rate of knowledge, we have: (5.a)
(5.b)
where g denotes the growth rate of R&D and Technology Imports expenditures.
Following Basant and Fikkert (1996) , we assume that both g and  are the same for TI and RD. As usual, it is very difficult to assign a value to those parameters. The most frequently used assumptions in the literature are a depreciation rate of 15% and a growth rate of 5%. After conducting a sensitivity analysis (taking, for instance, values of 20% to 25% for the depreciation rate and of 10% for the growth rate), we have decided to follow this set of assumption in our econometric modelling.
Estimation procedure
The econometric model to be estimated in each 2-digit industry is finally written as:
in Section 1, this period corresponds to a context of technological upgrading, in which many firms are likely to operate at a distance from their production frontier.
We estimated two alternative specifications of a stochastic frontier model. The first one is derived from the single-equation model proposed by Battese and Coelli (1992) . We decompose  it , the error term from Equation (6), into three components: a time effect  t , a one-sided error term u it , which represents technical inefficiencies, and a symmetric (noise) error term v it . This yields the following model:
where v it is assumed to be i.i.d. N(0,  v ²) and independently distributed of u it . The technical inefficiency effect u it is written as
where u i is an i.i.d. non-negative random term, the distribution of which is the truncation at zero of the normal distribution N(,  u ²) ,  is a parameter to be estimated, and T is the total number of time periods in the panel.
The second specification is derived from the two-equation stochastic frontier model proposed by Battese and Coelli (1995) . In this specification,  it is decomposed as above, but we now assume the technical inefficiency effect u it to be a function of a set of explanatory variables z it and a vector of parameters  (to be estimated). We can then rewrite Equation (6) into a stochastic frontier model à la Battese and Coelli (1995) :
where the  it random variable is defined by the truncation of N(0,  u ²) , so that  it  -z it. This is consistent with specifying the distribution of u it as the truncation at zero of the normal
Both specifications were estimated using the Frontier 4.1 program (Coelli, 1996) . This allowed us, among other things, to estimate Equations (9.a) and (9.b) simultaneously by Maximum Likelihood (ML), as in Battese and Coelli (1995) . In both specifications, the likelihood function is expressed in terms of the variance parameters, with ²=  v ²+  u ² and
In the first specification, where u it is not defined in terms of observed variables, two additional ancillary parameters,  and , defined in Equation (8), have to be estimated.
Specification of the technical inefficiency equation
The main advantage of our second SFE specification (à la Battese and Coelli, 1995 (Bernard and Wagner, 1997; Clerides et al., 1998; Bernard and Jensen, 1999; Bleaney and Wakelin, 2002) has found a positive association between exports and efficiency in both developed and developing economies, and has provided a theoretical rationale for it 4 . By contrast, we lack both empirical evidence and theoretical guidelines as to why a higher knowledge-generating ability should increase or reduce inefficiency.
In Taiwan, Chen and Tang (1987) , using a sample of electronics firms, have found that export-oriented firms are 6% to 11% closer to the production frontier than other firms. Since the electronics industry is the foremost high-technology industry in Taiwan, export-oriented firms in this industry are likely to export not only goods, but also technology. Based on these reasoning and empirical evidence, we may expect technology exports to be associated with a higher technical efficiency, at least in some high-technology industries. This is far from certain, however, as Aw and Batra (1998) provide contradictory evidence. Using SFE on a cross-sectional sample of Taiwanese manufacturing firms, they find that, among hightechnology firms, technical efficiency does not significantly differ between exporters and non-exporters. By contrast, among low-technology firms, exporters are significantly closer to the production frontier than non-exporters. In any case, these contradictory empirical findings suggest that it is important to include technology exports in the efficiency equation.
Although the literature offers little theoretical guidance, we include a -multi-plant‖ indicator because subsidiaries may have to follow -best practices‖ imposed by or transferred from their parent company. This may make them more efficient than single-plant producers.
For instance, a subsidiary using a -just-in-time‖ mode of production may be more efficient than a firm using older, more traditional modes of production. Empirical evidence regarding the impact of the organizational structure of a firm on its technical efficiency is scarce.
Existing investigations focus mostly on the impact of being part of a foreign group, and provide mixed evidence. In the U.S. banking sector, Chang et al. (1998) find that foreignowned multinational banks are significantly less efficient than their US-owned counterparts.
By contrast, applying a SFE approach to a cross-sectional sample of Nepalese manufacturing firms, Oczkowski and Sharma (2005) find no effect of foreign participation on technical efficiency. Similarly, Söderbom and Teal (2002) find no effect of foreign ownership on technical efficiency in their sample of African manufacturing firms.
Finally, we include 4-digit industry dummy variables to control for inter-industry differences in efficiency that may appear, at this more disaggregated level, within a 2-digit industry. Badunenko et al. (2008) find industry effects to be the main driver of productive efficiency in a large sample of German firms, while Söderbom and Teal (2002) find that technical efficiency varies significantly across industries in their sample of African manufacturing firms. A cursory look at Table 3 shows that the marginal effects of the main inputs (capital, labour, and materials in Panel 1; capital, labour, energy, and materials in Panel 2) are similar in both models, in terms of sign and significance. Reassuringly, these marginal effects are overall significant and positive, which is consistent with the theoretical framework of a production function. The magnitude of the effects is often quite close in both models as well.
Results and discussion
We also find evidence that the law of diminishing returns holds in both panels and with both specifications: as can be seen in Appendix 1, Table A , the second derivatives of the output with respect to the main inputs (computed at the sample mean) are overall significantly negative. This finding, which is consistent with the usual conceptions of microeconomic theory, brings additional support to the reliability of our estimation results. Table 3 also reports, for both panels and both models, the estimates of the marginal effects of the knowledge inputs (i.e. the stocks of R&D capital and technology imports), which are the main focus of our analysis. As pointed out in Coelli (1996) , the two stochastic frontier specifications we have implemented are non-nested, and no set of restrictions can be defined to test one specification versus the other. Fortunately, in our application, both specifications yield extremely convergent results, and show significant effects of the knowledge inputs in the same 2-digit industries. Whenever ko and/or kp are significant, they have a positive effect on firm output 5 . In order to give the reader a more complete view of the effects of the knowledge inputs, we present the estimate of their interaction in Table 4 . When significant, this term is negative, although very close to zero in absolute value. This suggests that the knowledge inputs are, to some extent, substitutes rather than complements. In what follows, we discuss these results in more details for two groups of industries: the textile and traditional industries on the one hand, and the electronics and high-tech industries on the other.
Textile and other traditional industries
We start our discussion with the textile industry (‗Textile Mill Products'). In this industry, both models show a positive effect of the stock of R&D capital in the first panel (1992) (1993) (1994) (1995) , and positive effects of both R&D and technology imports in the second panel (1997) (1998) (1999) (2000) (2001) (2002) (2003) . These results make perfect sense when one considers the recent history of the textile industry in Taiwan. In the 1980s, Taiwan was specialized in labour-intensive textile and clothing, but this position became increasingly contested by other East-Asian countries.
To preserve their competitiveness, many firms operating in this industry outsourced their production towards mainland China and Thailand. Those remaining in Taiwan abandoned traditional textile in favour of high-technology man-made fibres and other knowledgeintensive textile (Guerrieri and Pietrobelli, 2006) . Our results shed additional light on this recent history. They suggest that, in the early 1990s, Taiwanese textile firms conducted mostly adaptive R&D (in the sense of Cohen and Levinthal, 1989, 1990) . After this early phase where only R&D mattered, these firms were able to reach for the global frontier by purchasing foreign patents and licences, while keeping a significant amount of in-house R&D.
In this second phase, R&D needs not remain purely adaptive, but may be used to generate new knowledge. This interpretation is consistent with the fact that both ko and kp are significantly positive in 1997-2003, while their interaction effect (negative but very close to zero) hints at a mild substitutability.
Other traditional industries, such as ‗Non-Metallic Mineral Products' and ‗Fabricated
Metal Products', may have followed a similar path of development. In these industries, R&D capital appears as the primary source of knowledge in the early 1990s, whereas we find consistently positive effects of both R&D and technology imports from the late 1990s onward.
As before, their interaction is significantly negative but very close to zero, which suggests that the two types of knowledge inputs where mild substitutes in this second period.
In other traditional industries, such as ‗Wood and Bamboo Products', a similar pattern of development may be occurring with a lag: the stock of R&D capital is the only significant knowledge input, and it is significant only from the late 1990s onward. Taiwan's wood industry has actually experienced in the 1990s the same difficulties that the textile industry faced in the 1980s. Since its early days, Taiwan has been a major producer of quality hardwoods, an abundant natural resource in the island. However, in the 1990s, the wood industry faced both the depletion of quality commercial timber, and an increased competition from neighbouring economies with large wooded areas and a cheaper labour force (such as Maylasia and Thailand). Again, Taiwanese firms answered these problems either by outsourcing the production, or by improving their production process through R&D (sometimes with the help of foreign experts).
On the contrary, in the ‗Plastic Products Manufacturing' industry, the aforementioned pattern of development may have occurred earlier than in the textile industry. Indeed, both specifications of the model show a positive effect of R&D capital and technology imports in both periods, together with a (small) negative interaction effect in both periods as well. These results suggest that the transition from labour-intensive to knowledge-intensive products may have occurred in this industry from the early 1990s onwards.
Electronics and high-technology industries
To proceed with the discussion of our results, we now consider the electronics industry.
The fact that there is a single 2-digit industry in Panel 1 (‗Electrical and Electronic Machinery'), versus three in Panel 2 (‗Audio and Video Products', ‗Electronic Parts and
Components', and ‗Electric Machinery and Parts') is in itself a testimony to the rapid growth of the electrical and electronic industries in Taiwan over the period of interest.
In the 1990s, Taiwan's manufacturing industry actually experienced a rapid structural transformation in which the leadership shifted from labour-intensive industries such as textile to high-technology industries such as electronics. As Guerrieri and Pietrobelli (2006) These results are consistent with the historical evidence of an economic growth primarily driven by the industry of electronic components 7 over the 1990s. What the history of electronics in Taiwan relates is not merely the upgrading of a labour-intensive industry, but the emergence of a fully-fledged knowledge-intensive industry. Therefore, and contrary to what was observed in the textile and other traditional industries, R&D in the electronic industries is unlikely to be purely adaptive. It is rather a mean for these high-tech, knowledgeintensive industries to remain close to the global technology frontier. Anecdotal evidence illustrate this point: in the early 1990s, there was little or no emphasis on product differentiation in the electronic industries. This proved vital for the development of this sector, 6 As an illustration, Saxenian and Hsu (2001) relate how the strong ties between the Hsinchu science park in Taiwan and the Silicon Valley in the U.S. contributed to increase the bilateral flow of skills and know-how. 7 Hobday (1995) and Levy and Kuo (1991) explain that the output of Taiwan's electronic industry in the 1990s consisted primarily in the production of small unbranded components by SMEs. These components were sold to large multinational firms and used for the production of their branded products (e.g., computers).
as it allowed small firms to be created with very low up-front investment. There was no need for advertising or reputation building through brand names (Aw, 2002; Hobday 1995; Levy and Kuo, 1991) . However, things have changed from the late 1990s onwards. Building on their experience in the production of quality electronic components, Taiwanese brands (such as the Acer computer brand) have appeared on the international market.
Efficiency analysis
Before concluding, we give additional elements concerning the technical efficiency equation of the stochastic frontier model. First of all, we verify that the variance parameters ² and , which are common to both specifications of the model (see Sub-Section 3.3) are well identified. Table 5 shows that, in Panel 1 and Panel 2, ² and  are significantly different from zero in all 2-digit industries and (almost all the time) with both specifications.
According to these results, we can reject the hypothesis that the inefficiency effects are not stochastic. In the single-equation specification à la Battese and Coelli (1992) , , the estimated mean value of the inefficiency effect, is always significantly different from zero. The  parameter, which identifies the time-variation of this inefficiency effect, is significantly different from zero in most industries 8 . Table 6 gives the parameter estimates for the main determinants of the inefficiency equation from the Battese and Coelli (1995) model. These determinants are convergent across industries and across both panels. We first find that multi-plant firms are generally less inefficient (i.e. more efficient) than single-plant firms. As we mentioned in 3.4, this may be because multi-plant firms adopt -best practices‖ from their parent company. Firms that export technology also tend to be less inefficient (i.e. more efficient), although this trend is not as prevalent as the previous one. In particular, the effect of technology exports is not significant in any of the electronics industries of either Panel 1 or Panel 2. If we refer to the literature mentioned in 3.4, this finding is consistent with those of Aw and Batra (1998) rather than with those of Chen and Tang (1987) .
The effect of firm age is more frequently significant in our samples than it is generally found to be in the literature. Moreover, this effect is always positive when significant, which means that older firms are more inefficient (i.e. less efficient). If we follow the argument Table 7 displays the mean technical efficiency by 2-digit industry for both panels.
Both specifications of the econometric model show an increase in the mean efficiency over time. In Panel 1, it is within the 0.45 to 0.75 range in most industries, whereas in Panel 2, it is rather within the 0.70 to 0.95 range. Interestingly, the estimated mean efficiency is not systematically higher in innovation-intensive industries. To understand this result, one must keep in mind that implementing an innovation can sometimes generate unforeseen inefficiencies, as the innovation process is costly and based on trial-and-error. 8 We tested for a restriction of this model to a model with a time-invariant inefficiency term (i.e. with  constrained to zero), but all LR-tests favoured the full Battese and Coelli (1992) specification.
Conclusion
We estimated the impact of R&D and technology imports on firm performance in Taiwan in the 1990s, in a policy context of industrial upgrading. To do so, we estimated a Translog production function on two panels of Taiwanese firms (1992-1995 and 1997-2003) , using the Stochastic Frontier models proposed by Battese and Coelli (1992, 1995) . We find that the effects of the knowledge inputs become significant in a larger number of industries in the second panel. These results suggest that the policies encouraging innovation, implemented from 1991 onwards, actually paid off in the second half of the 1990s. Innovation then became a key factor to boost firm sales. The impact of innovation can nevertheless be interpreted differently across industries.
In traditional industries like ‗Textile Mill Products', ‗Non-Metallic Mineral Products', and ‗Fabricated Metal Products', it can be interpreted as an effort to catch up with the global technology frontier. Firms operating in these industries conducted mostly adaptive R&D in the early 1990s, in order to build up their knowledge absorption capacity. In the late 1990s, they relied on technology imports, while reorienting their R&D capacity toward the generation of new knowledge. This pattern seems to have occurred earlier in the ‗Plastic Products Manufacturing' industry, and later in the -Wood and Bamboo Products' industry.
In the electronics and associated high-tech industries, R&D appears as the preferred knowledge source to increase firm performance in the late 1990s. The impact of technology imports is less significant, or not at all. In these industries, therefore, R&D cannot be seen as purely adaptive. Its positive impact on firm performance rather testifies of the emergence of knowledge-intensive industries as a new domain of specialization for Taiwan -which was largely encouraged by the aforementioned innovation policies. Note that no firm exports technology in Industry (18) -Paper, Pulp and Paper Products‖ (ET = 0 in that industry). (8.6) (7.6) (7.9) (7.6) (7.2) (7.4) (7.8) (8.6) (8.5) (7.7) (7.1) (8.5) (7.7) (6.9) (6.9) (6.7) (6.7) (7.3) (7.5) (6.9) (7 Output, inputs and innovation expenditures are in thousands of constant New Taiwan Dollar.
Control variables: Age = firm age in 1992, ET = firm exports technology (dummy variable), M-P = Multi-plants firm (dummy variable).
Note that no firm exports technology in Industry (18) -Paper, Pulp and Paper Products‖ (ET = 0 in that industry). The null hypothesis H 0 : "==0" was rejected by a LR-test at the 1% level in all industries and in both panels ( and  are the vectors of coefficients of the production function and inefficiency equations respectively). 0.000 0.000 For the sake of concision, we do not report parameter estimates for the 4-digit industry dummy variables. Instead, we show the p-value of a LR-test of global significance of the 4-digit industry dummies within a given 2-digit industry. Estimates computed at sample mean. Calculations of the standard errors are based on the Delta Method.
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